Introduction
The continued development of India's cities and regions is a topic of exceptional importance, impacting the lives of over a billion people. Many academics and policy makers are looking for the right local recipes for success. A number of publications point out the challenges ahead (e.g., World Bank, 2013) and concern is often expressed about whether employment and job growth can keep pace with the anticipated demand. India is seeking to boost its growth from 5% to 10% and increase its rate of urbanization, which has lagged behind its peers. McKinsey Global Institute (2010) This is in many respects a very old question dating back to Alfred Marshall and Jane Jacobs.
Marshall (1890) established the field of agglomeration and the study of clusters by noting the many ways in which similar firms from the same industry can benefit from locating together. Glaeser et al. (1992) famously described how Marshall-Arrow-Romer (MAR) type externalities predict that spillovers come from within industries, especially when concentration is high, and can lead to local job growth. Porter (1990) also holds that spillovers emerge from within industries, but only in the presence of competition. Jacobs (1969) , on the other hand, pushed back against these perspectives. She emphasized how knowledge flows across industries and that industrial variety and diversity is conducive to growth. Haussmann (2014) strongly advocates against local specialization.
While these issues have been widely discussed over the past two decades, our understanding of their practical application to an environment like India is very limited. Duranton and Puga (2000) began a line of research for advanced economies, but there has been very little work quantifying specialization and diversity for developing economies, and this has rarely then been connected to employment growth relationships. In prior work, Ghani, Kerr and Tewari (2013) started down this path for Indian manufacturing. This earlier work measured specialization and diversity for the manufacturing sector and compared it to the United States. It found that specialization and diversity jointly enhanced manufacturing productivity-the subtle distinctions between the measures are described further below-and that initial manufacturing specialization in 1989 was a strong predictor of employment growth over the 1989 to 2010 period for Indian districts. This study makes two central improvements on the earlier work. First, and most important, it provides a more comprehensive view of the local industrial sectors in India by bringing together manufacturing and services data, which in the Indian context also includes industries often grouped with retail trade or transportation. Services have been very important for India's development, and notions of local specialization and diversity extend well beyond the manufacturing sector. The broader sector reach limits us to an analysis of employment growth since 2000, but this shorter time span is strongly compensated for by the more complete perspective on local specialization and diversity. In Sections 2 and 3 of this paper, we conduct many of the metrics and analyses carried out by Ghani, Kerr and Tewari (2013) to identify and convey how these patterns fit with those depicted earlier for the manufacturing sector.
We next use the developed metrics to consider employment growth at the district level across the 2000 to 2010 period. We conduct this analysis at many levels and with multiple decompositions in Section 4. We have two key findings. First, overall employment is strongly linked to broader district diversity. This pattern is distinct from our earlier paper that identifies manufacturing specialization in 1989-1994 as a key correlate of manufacturing growth across the 1989 to 2010 period, and we conduct several analyses to show their compatibility. This broader view of the local industrial base was important to discern the role of diversity and is highly robust. We also find that initial clusters of modern services experienced abnormally high 1 Some earlier studies have provided evidence through productivity estimations and related empirical work.
Indian studies include Lall et al. (2004) , Lall and Mengistae (2005) , Deichmann et al. (2008) , and Fernandes and Sharma (2011) . Duranton and Puga (2004) and Rosenthal and Strange (2004) provide broad background to the agglomeration literature. Acemoglu and Zilibotti (1997) and Imbs and Wacziarg (2003) are examples of work on national diversification, and Kaulich (2012) provides an extensive survey and empirical evidence. employment growth in the post 2000 period. Furthermore, diversity, but not specialization, is closely tied to generating employment in high-growth industries.
Second, our extensions uncover some interesting nuances. We find that the strongest expressions of this diversity-growth link are in settings not often linked to the theories of diversity's benefits. The effects are sharper in rural areas of districts, in districts with low population density, and among the unorganized/informal sector. This contrasts with studies emphasizing the urban impact of diversity and its roles for fostering innovation (e.g., Henderson, 1997a; Duranton and Puga, 2001; Feldman and Audretsch, 1999) , promoting urban entrepreneurship (Jacobs, 1969) , or reducing costs (Lall et al., 2003) . Duranton (2013a) provides a recent review in the developing country context. Looking across industries, higher diversity is associated with lower concentration of employment growth in a few top industries. In other words, more diversified districts tend generate growth that is spread more broadly across industries. While we are not able yet to quantify all of the channels through which initial diversity is linked to local growth, we show in many ways the depth and breadth of local growth that diversity connects to. The final section concludes with some thoughts about how these mechanisms can be further explored.
These patterns uncovered by our analysis suggest that the employment growth correlated with district diversity was "inclusive" in nature, that is, with disproportionately larger effects in less developed areas, sectors and industries. Recent empirical evidence (Anand, Tulin and Kuman, 2014) shows that high growth in the past decade has fueled poverty reduction, especially so in rural areas. Much of the existing work documenting the distributional aspects of economic growth in India links it to social spending especially on education, bank credit, and other macroeconomic policies like trade liberalization (Topalova, 2010) . Although in absolute terms poverty levels in India have fallen, there still remain large disparities in relative levels of consumption across states as well as urban and rural areas. Thus, policy makers continue to maintain a close focus on the distributional aspects of economic growth. The Eleventh and Twelfth five years plans strongly reflect this strong agenda of inclusive development. In this paper, we add a novel correlate of employment growth-industrial diversity of districts-to policy agendas centered on inclusive growth. Diversity in industrial bases can aid India's efforts to double its growth rate from 5% to 10% and to do so in a broad and inclusive manner.
Indian Establishment Data and Index Calculations
This section begins with a description of the Indian manufacturing and services data that we use in our study. We then outline how we calculate our indices of district-level specialization and diversity and describe some of the important empirical properties of these indices. These depictions draw on the work in Ghani, Kerr and Tewari (2013) , and we note in particular the deviations that occur in our present study compared to the earlier work. The earlier paper also showed the broad convergence and comparability of India's specialization and diversity values to those in the United States for the manufacturing sector in recent periods, which we do not carry forward to this study.
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Indian Manufacturing Data
We employ repeated cross-sectional surveys of manufacturing establishments carried out by the government of India for the fiscal years of 2000, 2005, and 2010 . In all cases, the survey was undertaken over two fiscal years (e.g., the 2000 survey was conducted during 2000-2001), but we will only refer to the initial year for simplicity. The organized and unorganized sectors of Indian manufacturing are surveyed separately, as described next. In every period except the last one, our surveys for the two organized and unorganized sectors were undertaken contemporaneously. In the last period, we combine the 2009-2010 survey for the organized sector with the 2010-2011 survey for the unorganized sector. We will again refer to this period as 2010 for simplicity.
The organized sector comprises establishments with more than 10 workers if the establishment uses electricity. If the establishment does not use electricity, the threshold is 20 workers or more. These establishments are required to register under the India Factories Act of 1948. The unorganized manufacturing sector is, by default, comprised of establishments which fall outside the scope of the Factories Act. The organized sector accounts for over 80% of India's manufacturing output, while the unorganized sector accounts for over 80% and 99% of Indian 2 Throughout this study, we use the term "sector" in two ways: to signify manufacturing and services sectors broadly defined and/or organized and unorganized establishment groups. We use the term "industry" to denote individual industries (e.g., textiles; hotels and restaurants) within these sectors. manufacturing employment and establishments, respectively (Ghani, Kerr and O'Connell, 2013a ).
The organized manufacturing sector is surveyed by the Central Statistical Organization through the Annual Survey of Industries (ASI). Our data for the unorganized sector come from the National Sample Statistics (NSS). These surveys are used for many published reports on the state of Indian businesses and government agency monitoring of the Indian economy. The typical survey collects data from over 150,000 Indian establishments. In this respect, the surveys are comparable to the Annual Survey of Manufacturing conducted in the United States, with the Indian sampling frame being about three times larger.
Establishments are surveyed with state and four-digit National Industry Classification (NIC) stratification. The surveys provide sample weights that we use to construct populationlevel estimates of employment by district. Districts are administrative subdivisions of Indian states or territories that provide meaningful local economic conditions and policy choices. The average district size is roughly twice the size of a U.S. county (average size of ~5,500 square kilometers) and there is substantial variability in district size (standard deviation of ~5,500 square kilometers). Indian districts can be effectively considered as self-contained labor markets and, to some degree, economic units.
Our surveys record economic characteristics of plants, such as employment, output, and raw materials. Our analysis considers aggregated measures of manufacturing employment in locations. For this purpose, we sum the activity of plants up to the district or district-industry level, combining the organized and unorganized sectors and using sample weights to prepare population estimates. We use the two-digit level of the NIC system for calculating industrial specialization and diversity for districts. This level of aggregation contains 22 manufacturing industries. This level of aggregation meaningfully balances the identification of distinct industries and economic activities with not being so granular as to create exception outliers in specialization measures.
Our core sample contains 554 districts. This district count is larger than that analyzed in Ghani, Kerr and Tewari (2013) , which included 429 districts, for two reasons. First, by considering the 2000 to 2010 period, we do not need to restrict the sample to districts that were surveyed in the 1980s and 1990s as in our longer panel. Second, we retain districts that record 6 services employment (described next) even without a registered manufacturing base (and vice versa). In some analyses below, we focus in greater detail on the growth of specific sectors, with additional restrictions in sample size.
Even with these expansions, the current sample is smaller than the total number of districts in India of 630. Nevertheless, the sample accounts for almost all of the employment in the manufacturing sector throughout the period of study. The reductions from the 630 baseline occur due to requirements that manufacturing or services employment be observed in every period for the district (i.e., we have balanced panels of districts from 2000 to 2010). Even with these requirements, some districts have a small number of observations, and this could be worrisome given that our data do not constitute a complete census of Indian businesses and have state-level survey stratification. We consider several checks below (e.g., excluding smaller districts) to verify that the results discussed are robust to these considerations.
Indian Services Data
We also consider the services sector in this study. In the services sector, there is no legal distinction between organized and unorganized establishments as in manufacturing. Service establishments, regardless of size or other characteristics, are not required to register and thus are all officially unorganized. The NSS surveys for the services sector are thus comprehensive.
Establishments are again surveyed with state and four-digit NIC stratification. The surveys provide sample weights that we use to construct population-level estimates of services employment by district in 2000, 2005, and 2010 . We consider 16 two-digit industries within the services sector for most of our empirical work, similar to manufacturing. Additional data development steps are comparable to those described for the manufacturing sector. It is worth noting that the Indian services sector has a relatively broad definition, such that the NIC classification structure contains industries that in other settings would be considered part of retail trade (e.g., restaurants) or transportation.
Specialization and Diversity Indices
We follow Duranton and Puga (2000) and Ghani, Kerr and Tewari (2013) We measure the relative specialization of a district through the formula:
.
In this formula, we look across industries within each district to find the highest value of the employment share ratio. This highest value can occur in either a manufacturing or services industry. By definition, the specialization index of a district must be greater than or equal to one.
To see this, note that if a district exactly mirrors India as a whole, the ratio
is equal to one for every industry; thus the maximum ratio observed in the district is also one. If any employment share is then reallocated from one industry to another, then one of those two industries will have a ratio that exceeds one, yielding a maximum value that is greater than one.
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The maximum value of the district specialization index has the properties of the individual ratios described above.
We also measure the relative diversity of a district through the formula:
In this formula, we first calculate the absolute difference between j d s , and j s to measure the degree to which a given industry is over-or under-represented in the district on a share basis. We then sum across industries. This sum represents the share of the district's employment that would need to be reallocated across industries in order for the district to have the same industrial employment proportions as India does nationally (double counting the deviations).
We then take the inverse of this sum such that a larger value of the diversity index indicates that less employment needs to be reallocated in order for the district to resemble India as a whole. Considering the extreme values of the index can again illustrate its properties. If a district has all of its manufacturing or services employment in one industry that is very small in size nationally, the denominator of the index becomes large, starting to approach 200%. In such cases, the diversity index as a whole takes a very small value that approaches zero. On the other hand, if the district exactly mirrors India as a whole, then the denominator of the index becomes very small, staring to approach 0%. In these cases, the diversity index as a whole takes a very large value, indicative of substantial spread in the employment of a district across industries.
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Empirical Application of the Specialization and Diversity Indices
The next section provides descriptive statistics of these metrics for Indian manufacturing and services, and we highlight first three important issues for our empirical application. First, it is important to note that the indices are related to each other but also not redundant. Second, the metric designs (especially specialization) can yield extreme values. This is even more prominent in this study compared to our prior work because we have incorporated more industries, and the specialization metric takes the maximum of abnormal concentration.
Likewise, the sampled nature of our Indian data may contribute to outliers among small districts.
Thus, we winsorize our specialization and diversity metrics at their 2% and 98% values. This winsorization is done separately for each year. We use these winsorized values for descriptive statistics in the next section, except where noted otherwise, to focus on the more meaningful variations and trends in the data. As in our prior work, when we move to growth estimations, we primarily report results that use a ten-point scale for the decile in which a district's specialization or diversity falls compared to the whole set of Indian districts. For example, a district receives a value of three if its specialization level is between the 30th and 39th percentile for India. This approach makes the scales and variances of our indices more comparable and aids in interpretation, although we derive quite similar results with other approaches.
Finally, it is important to note that the indices do not directly relate to or build upon other properties of districts (e.g., size, income per capita, etc.). Both measures are calculated over industry distributions within districts and thus do not build upon these features specifically. This is not to say, however, that the indices are orthogonal to these properties either. For example, it is increasingly difficult for large districts with lots of employment to have an exceptionally undiversified industrial base, while it is easier for large districts to maintain specialization in one industry. Thus the connections of our indices to these properties are intriguing, and we quantify these relationships below.
The Evolution of Indian Specialization and Diversity
This section describes the levels and trends in the specialization and diversity of Indian districts when considering both manufacturing and services. Duranton (2013b) considers specialization and diversity in Colombia across multiple sectors, but these types of analyses have otherwise been very rarely undertaken. We devote attention to showing the patterns as they compare to our longer series in the prior work that considered manufacturing only. annual values, we calculate the average specialization and diversity for a district across the three periods. We also calculate the change in specialization and diversity for a district in relative terms to its initial value. The last two columns provide summary statistics for these metrics.
Levels, Trends and Persistence of Indian Specialization and Diversity
Similar depictions are found when measuring changes relative to average values over the period.
Looking at 2005, the average specialization value is 10.66, and the median value is 6.55.
This suggests that, for the average Indian district, the maximum degree to which one industry's employment exceeds its national share is around 10-fold (e.g., the industry constitutes 10% of the district's employment relative to 1% nationally). There is a wide variance in this metric, with the standard deviation greater than the mean. The lowest winsorized level in 2005 is 2.9 (e.g., a 3% local share combined with 1% nationally), while the maximum winsorized level is 80 (e.g., a
80% local share combined with 1% nationally).
The values are substantially higher than those observed by Ghani, Kerr and Tewari (2013) for the manufacturing sector only. For 2005, the earlier study found a mean value of 6.65 and a median value of 4.49. This study also discussed the comparability of the 6.65 value to what is observed with U.S. manufacturing data. The higher values in this study for specialization indices are not surprising. As discussed in the methodology section above, the specialization index measures the extreme value observed over a set of industries. By almost doubling the underlying set of industries, we greatly increase the potential for the metric to capture larger values. Figure 1a compares the mean and median series for manufacturing only compared to manufacturing and services. While the levels differences exist, the trends in the post 2000 period are broadly comparable, especially for the median. An important subject of Ghani, Kerr and Tewari (2013) was the dramatic decline in specialization levels from manufacturing in 1989.
Around the time of liberalization, India's manufacturing distribution displayed more specialization and greater spatial variation in specialization rates than the U.S. data. India has converged towards the U.S. baseline in the two decades since then. As the services data only begin in 2000, we cannot observe this longer trend in our current work.
Panel B of Table 1a considers the relative diversity index. The average diversity in 2005 is 1.38, which is very close to the 1.41 derived with just manufacturing data in the earlier study.
Unlike the construction of the specialization index, it is quite possible for the diversity index to decline in average value following the addition of the services industries. Similar to the specialization index, we observe a re-widening of the distributions in 2010 (greater standard deviation) after a decline from 2000 to 2005. Figure 1b shows the remarkably tight connection between trends in overall district diversity levels and those present in just manufacturing alone. This stability is both striking and encouraging for our empirical work and its broad robustness. Table 1b shows a very similar set of patterns when considering only the urban areas of districts, with the additional observation that the specialization of urban areas tends to exceed that for the district as a whole, while diversity levels are very similar. index. The graph demonstrates a negative correlation, such that higher diversity is associated with reduced specialization, but also confirms that the correlation is modest.
We next evaluate the degree to which specialization and diversity patterns are stable over time (Henderson, 1997) . When looking at the manufacturing sector by itself, our earlier study found very little persistence-even at the frequency of a decade, there was almost no correlation in the longitudinal values of districts. Tables 2a and 2b show a stronger degree of persistence of Indian specialization and diversity levels when also modeling services in the local industrial base. This persistence is still modest in overall scope, but nevertheless noticeably stronger. For the specialization index in Panel A of Table 2a , there is a 0.2-0.4 correlation of district values across adjacent surveys that are about five years apart. This correlation over a short time period is somewhat stronger than for manufacturing alone. 4 Across 2000→2010, or about ten years in duration, the correlation remains economically and statistically meaningful at 0.2. This is significantly larger than the rapid change in specialization levels observed for manufacturing alone for 2000→2010. Panel B shows even greater persistence for the diversity index, and Table   2b looks pretty similar when we isolate urban areas of districts.
Pausing for a moment on the persistence evaluation, Table 2c compares the specialization and diversity index values derived using both sectors with that evident in manufacturing and services data only. We observe two broad patterns. First, our indices using the combined data closely correlate with each sector individually. The connection is a bit tighter on the specialization index to the services sector, while the link is a bit tighter on the diversity index to the manufacturing sector. These patterns were foreshadowed by Figures 1a and 1b , and the most important point is that neither sector is dominating the index design. Second, the negative correlation noted earlier between specialization and diversity index values holds within each sector, while being uncorrelated across sectors. We further discuss these correlation and sectorlevel values below when modeling them as regression covariates. Tables 3a-b show an alternative approach for measuring persistence. We develop a transition matrix to follow cohorts of districts over time. In Panel A of Tables 2a and 2b, this analysis of transition matrices retains more of the fluidity in index ordering noted for the manufacturing sector alone in Ghani, Kerr and Tewari (2013) . Table 3b also shows this by looking at the 2005→2010 transition if we reorder districts in 2005. This again points to rapid adjustments, especially for specialization, across adjacent surveys. Duranton (2013b) also observes a very low degree of persistence in the production structure of Colombian cities. Across long horizons, it appears that India's trends for specialization and diversity are stabilizing, but within the more localized variation after 2000, the trend seems less certain.
. Tables 4a and 4b Table 4a are also an extreme value on the corresponding diversity lists in Table 4b . Interestingly, some of the major urban areas like
Mumbai and Bangalore have undergone the largest declines in specialization.
Industry-Oriented Perspective
The specialization and diversity metrics are defined for districts, but it is also useful to take an industry-oriented perspective. To do so, we first calculate for an industry the weightedaverage diversity index values for the districts in which the industry resides. We weight by the employment levels of the industry across districts. Thus, if most of the employment for an industry is in districts that are highly diversified, we will measure a high average diversity value for the industry. As the specialization measure has a less direct interpretation in this regard, due to its extreme value calculation, we only consider the diversity index with this approach.
In Table 5 , we report the levels of these values for industries and their changes over time.
There is some variation across industries, but the differences are not extreme. In tabulations available upon request, we group industries into "traditional" or "modern" and find that the overall diversity levels appear higher for modern industries. 5 Thus modern industries are distributed across locations that show higher levels of diversity in their industrial bases. Table 6 provides a second industry perspective to consider specialization rates. We count by survey the number of times that each industry is responsible for the specialization value of its district. We also tabulate the average of these counts for an industry across all surveys and the changes in these counts from 2000 to 2010. Some advanced industries like office, accounting and computing machinery (NIC 30) and radio, television, and communication equipment and apparatus (NIC 32) are located in more specialized districts. Thus, a traditional industry is 5 The manufacturing groupings follow Ghani, Kerr and O'Connell (2013a) and simply classify an industry as being modern if its unorganized share is the less than the unweighted average of the unorganized share across industries in the manufacturing sector in 2000. We similarly group the services sector through its median value in 2000. Appendix Tables 1a-2b repeat Tables 5 and 6 when considering manufacturing and services by themselves. The bottom of Table 6 To an important degree, this is the outcome of the metric design that makes these traits more or less independent of factors like district size. Given this independence, we can expect to find broad stability in our upcoming regressions with and without district covariates being modeled (which will hold true).
Correlations to District Traits
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Second, as in our study of the manufacturing sector, worker human capital is important.
Districts with high education levels in 2000 display more specialized and diversified industrial bases. Literacy also displays some connection. Literacy was the stronger predictor for manufacturing specialization and diversity in Ghani, Kerr and Tewari (2013) , while education plays the sharper role in our new sample that includes services. Either way, these two measures of human capital continue to display the strongest partial correlations, even conditional on other district traits like population levels and consumption per capita. Ghani, Kerr and O'Connell (2013b) also find a connection between local literacy rates and greater use of a wider variety of distinct material inputs in Indian plants (overall and relative to plant size).
In the upcoming growth analyses, we will control for the traits modeled in Table 7 , so that we are measuring the impact of specialization and diversity in a district's industrial base over-and-beyond these correlates. While this approach better isolates the role of specialization and diversity, we should not forget these two basic connections when using stricter econometric frameworks.
By contrast, the absence of some correlations is striking. In the United States, larger cities tend to be less specialized and more diversified (e.g., Black and Henderson, 1998 , Duranton and Puga, 2000 , Henderson, 1997 . Big cities, where firm headquarters and service firms are often based, tend to specialize in business services. Duranton (2013b) also observes this size 6 Our earlier study controlled as well for the manufacturing share of the local district work force. We exclude this variable in our current work given the high degree to which our two sectors account for local activity. Our estimations are sensitive to how such a control is constructed.
relationship for Colombia. For India, we do not see this pattern, and this held true when just considering manufacturing in Ghani, Kerr and Tewari (2013) too. These null patterns are also evident with population density, although the point estimate starts to become larger in size. It is also striking that infrastructure metrics and banking conditions tend to have limited correlation with the specialization and diversity metrics. Finally, overall urbanization levels of districts are not clearly linked. Further inquiry about the lack of predictive power for these metrics is warranted given their observation in other settings.
Employment Growth with Specialization and Diversity
This section describes our empirical exercises regarding how employment growth for a district links to its initial specialization or diversity. The topic of specialization/diversity and city growth has been often been studied over the past two decades (Duranton, 2013a) , and we seek to provide evidence on this link across Indian manufacturing and services. We particularly study the inclusive nature of local growth given its pressing importance for India.
We estimate a cross-sectional growth equation at the district level of the form:
Our core regressors are again the specialization and diversity measures that utilize a ten-point scale. The t0 subscript signifies that we measure these attributes at the start of the sample using the 2000 data. The outcome variable is the log employment growth in manufacturing and services for the district from 2000 to 2010. Regressions include a vector of state fixed effects s χ to account for systematic differences in regional specialization and diversity evident in Figures 3 and 4, differences in regional growth rates in these sectors for India across the period, and similar. The vector Z d contains the additional district-level controls that we modeled in Table 7 .
These controls, among other things, include measures like initial population size and income levels to capture convergence processes. We weight districts by their log population in 2001 and report robust standard errors.
The first column of Table 8 shows a lack of correlation for the specialization index, while Column 2 finds a strong and significant role for the diversity index. An increase of one decile in the diversity index is associated with 7% higher employment growth (e.g., moving from a growth rate of 2.00% to 2.14%). This substantial boost holds in the joint analysis in Column 3, and similar elasticities are evident without the state fixed effects, too.
Column 4 further shows that the results are robust to including district-level covariates taken from the 2001 Census discussed earlier. These covariates tend to have weak multivariate explanatory power, and the inclusion of these controls does not impact the diversity index's connection to growth. Columns 5 and 6 show similar results when we do not weight observations or when we exclude districts with less than one million people in population. The latter check is important given that the exclusion of small districts guards against cases where our data start to become too thin for measuring the index values, and it is noteworthy that the standard errors remain consistent despite the reduction in sample size. Column 7 shows similar results when we include a control for the expected growth based upon the industrial distribution for the district in 2000 and the national rate of growth by industry across the period.
Column 8 replaces the ten-point measure with two indicator variables for districts being in the 50 th -75 th percentile range or in the 76 th -99 th percentile range. These estimations measure coefficients relative to the bottom half of the distribution. The results indicate that the most substantial differences for growth come from districts being in the top half of initial diversity.
We also find quantitatively similar results when considering raw index values.
We will next move to a variety of growth decompositions, but before doing so it is valuable to compare these patterns against our earlier results. Ghani, Kerr and Tewari (2013) identify a different relationship-that manufacturing specialization in the 1989-1994 period was important for explaining the employment growth in manufacturing from 1989 to 2010. Our current work emphasizes instead local diversity. We have investigated how to reconcile these features, and we are able to mostly close the gap. The biggest contributor to the different outcomes is simply moving to a 2000-2010 analysis. There were exceptionally strong adjustments in India's manufacturing base and its spatial allocation during the 1990s, reflective of the null correlation in the index values over decadal frequencies discussed earlier. By measuring our present study from 2000 onwards, we pick India up at very different point in its economic emergence. Unfortunately, we will never be able to construct similar services indices for 1989 to compare. A second and smaller factor is removal of manufacturing growth during the 1990s for India that was responsible for a big portion of the employment growth relationship. A priori, the current estimates likely provide the better foundation for predicting India's development going forward due to their more recent and comprehensive focus.
Nevertheless, in Column 9, we show both effects in a joint estimation. In addition to our specialization and diversity metrics estimated over the manufacturing and services sectors combined, we include the specialization and diversity index values for manufacturing and services specifically (Table 2c ). The individual metrics for services are small and statistically insignificant and not reported. The overall diversity metric grows somewhat in value, while that for manufacturing is negative. Interesting, we observe some evidence for manufacturing specialization still playing a role in local growth in this augmented specification. We report but do not overly push these estimations given the high correlations across variants of the indices noted earlier. The estimation nonetheless helps narrow the differences between the two studies and provides some evidence for the different paths to city growth. Manufacturing specialization appears to have been one path, and broader local diversity is an even stronger one in the 2000-2010 period.
7 Table 9 provides several decompositions of the employment growth relationship. Column 1 starts by repeating the base specification (Column 4 of Table 8 ). In the remaining columns, we keep the core specialization and diversity index values constant. We instead consider growth among different types of industries and establishments. We have the added complication that an industry may not be recorded in 2010, which is an undefined log growth rate. In these cases, we recode these values with the lowest observed growth for the variable in question. This allows us to maintain a consistent sample across the specifications.
Columns 2 and 3 separately consider employment growth that is occurring in manufacturing and services industries. The diversity index connects with both sectors on an equal footing. The employment growth in services is more precisely measured, while the manufacturing coefficient falls short of being statistically significant. However, the coefficient estimates are otherwise quite comparable and in unreported work we have found a broad basis to this work. In this analysis, and some that follow, the coefficient estimates do not necessarily bracket the overall effect as the fixed effects and covariates are allowed to adjust over estimations.
Columns 4 and 5 separately consider employment growth within and outside the industry that was the most important to the district's employment base in 2000. We define this most important industry for each district in 2000 through shares of local employment. Similar the manufacturing/services split, the coefficients across the two estimations are similar, but they are much more precisely estimated for growth external to the most important industry in 2000. This broader industry group is where most of the population works and accounts for most of the total job growth observed. These estimations have an intuitive feel to them-diversity promoting growth in many local industries, rather than just the one that initially led the city.
Columns 6 and 7 split employment growth in establishments by their size. This decomposition allows us to observe the types of firms that are supporting the employment growth. The split at ten employees mimics the demarcation between the organized and unorganized sectors for manufacturing. Interestingly, the bulk of the growth is among small establishments that are reflective of the unorganized sector. Establishments of this size account for over 80% of India's employment, and the outcomes for these small establishments closely mimic the main effect. Districts with more diverse industrial bases are mostly expanding employment throughout the unorganized and informal sectors.
Columns 8 and 9 split the employment growth in the urban and rural areas of districts.
The surprising outcome here is that the employment growth associated with district diversity is strongest in rural areas. Given the other findings in Table 9 -especially the role of small-scale establishments in Column 6-this rural connection is not implausible. It does indicate however that the connection of diversity to growth is likely coming through channels beyond the celebrated accounts about diversity launching new combinations of ideas. Instead, diversity may be offering better matches of workers and industries, insurance against declines in a single industry, and similar roles that link it to inclusive growth.
Column 10 examines how diversified employment growth relates to diversity and specialization. To measure this, we construct a "concentration ratio" which is the ratio of employment growth of a district's top 3 industries to overall district employment growth (we only keep industries in a district that have experienced positive employment growth for this exercise). Both specialization and diversity decrease the share of employment in a district's largest growth industries, with diversity having a slightly larger effect. The last column in Table   9 examines whether diversity or specialization increases the probability that a district will experience growth in a high growth-industry, which we define as the top 10 industries in terms of employment growth between 2000 and 2010. Indeed, diversity but not specialization affects this probability in a positive and significant manner. Table 10 next considers a different set of decompositions. These specifications are more aggressive in empirical design in that we often partition the sample into subsets of districts for analysis. We build specifically on this observed importance of employment growth in rural areas.
We consider how the effects are moderated by distance from big cities and district population density. Columns 2 and 3 partition by whether a district is within 250 km of the seven largest cities in India. We find very uniform effects upon this dimension. Thus, the connection of diversity to growth is not confined to places near India's big cities.
Columns 4-6 alternatively partition the sample by district population density in 2001. Our earlier results controlled for population density, and this test instead looks for whether effects are different in sub-groups. This is of active policy interest given the perceived importance by some observers of intermediate cities, or even more specifically specialized intermediate cities, in growth. We find the link of diversity to growth is present in all levels, with its strongest expression coming in the bottom third of districts in terms of population density. We find similarly stable results if instead estimating a stacked regression with interactions for our indices by density levels. The most important take-away is again that diversity's impact is not confined to just big cities or dense locales.
The final three columns test a particular phenomenon of specialization for India. Many have observed the importance of modern services in the special development and growth of places like Bangalore. To test the importance of this effect, we introduce indicator variables in Columns 7-9 for whether in 2000 a district ranked among the top five districts in terms of the share of modern services in the local industrial base or among the top five districts in terms of the absolute size of its modern services base. There does appear to be a particular connection in the data for initial clusters around modern services to experience strong subsequent employment growth. The introduction of these controls does not reduce the strength of the estimated 22 relationship for services diversity. These correlations are also evident when using an alternative definition of modern services that classifies firms as modern if they had high ICT use (using data from the 2010-11 NSS survey).
Conclusions
India's economic geography is a very lively research topic, full of many nuances and twists befitting the rapidly developing country and its present and past policy frameworks. This study simultaneously resolves questions on some dimensions and opens up questions on other dimensions. In terms of what it resolves, the prior study by Ghani, Kerr and Tewari (2013) found some interesting patterns with respect to manufacturing specialization and diversification. Yet, strong conclusions were not forthcoming given the exclusive focus on one sector. By shortening the time frame and incorporating additional surveys, the present study provides a more secure base. It confirms the comparable specialization and diversity levels to what is observed in the United States, the trend for convergence and then modest re-expansion of the distributions, the relative roles of modern and traditional industries, and so on.
On the other hand, we have several findings that deserve further attention. First, we have yet to find a consistent link in India between the size or density of districts and their diversity patterns. This was true in our earlier work for manufacturing, and it continues to hold with services and our joint analyses. This pattern is different than what is observed in other places like Colombia and the United States. It is worth further investigation as to the source of this deviation. Such an extension would also allow us to compare India more closely with the work on Colombia by Duranton (2013b) , who finds differences between manufacturing and services performance around specialization dynamics. This added perspective will provide a richer foundation for understanding growth in Indian cities. Detailed case studies around the growth of modern services in the extreme cases identified of initial employment are also warranted.
Second, and perhaps even more intriguing, is our connection of diversity to employment growth in rural areas of districts and districts with low population density. While we find a broad and robust connection of diversity to local employment growth in many settings, the fact that the sharpest expressions occur in these unexpected places is surprising to us. Beyond the standard arguments about diversity in nursery cities and innovation, we need to understand the role of diversity outside the most prominent clusters. This is key to refining our conclusion about diversity's role for inclusive growth. The ability to observe inputs into plants with the Indian data may provide an empirical foothold. The sub-contracting of work between organized and unorganized sectors might also be at play (e.g., Mukim, 2013) . It is also worth investigating whether onerous land-use regulations and building codes in India cities (Sridhar, 2010 ) is pushing some of the growth linked to diversity outwards, especially as local infrastructure improves connectivity between urban and rural areas within districts.
Finally, we would like to evaluate the longitudinal changes highlighted in this study in terms of the impact of specific infrastructure projects (e.g., the Golden Quadrangle project) or trade liberalizations. These factors have been shown to play an important role for Indian manufacturing (e.g., Goldberg et al., 2010 ), but we do not know their role in terms of the specialization and diversity of India's districts. Tracing out the economic geography of these economic shocks is important, and the rich longitudinal data for India provide a unique laboratory for doing so in a developing economy. This would be useful for understanding the allocation of activity in the Indian economy and how it can be improved (e.g., Hsieh and Table 1a . An asterisk denotes a correlation is statistically significant at the 10% level. Table 1a . Districts are divided into quintiles for each period based upon index values. Each row documents a cohort's evolution based upon initial value in 2000. Moving from left to right along a row, an increase in the value indicates that the average index value for that cohort is increasing from one period to the next. App. App. App. 
